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A  B  S  T  R  A  C  T   
While electric vehicles bring numerous environmental benefits during their lifetime, they could be a burden for waste management at the end of life if not managed 
properly. A circular waste management system, alternatively, suggests exploring the appropriate actions and policies to create the right environment for second-use 
applications. Such regulatory measures primarily require a temporal estimation of the volume of the end-of-life electric vehicle batteries which helps to distinguish 
the suitable applications, time, and level of investment in the repurposing market. From an end-of-life flow perspective, the profile of the end-of-life battery stock 
follows the growth of the electric vehicle market over time and vehicles’ survival age. However, the level of uncertainties about the future trend of these vehicles and 
their efficiencies makes the end-of-life estimation highly challenging. This paper addresses these uncertainties in end-of-life battery stock estimation in Ireland by (i) 
modelling the electric vehicle market diffusion based on government policies and customers’ preferences, and (ii) estimating electric vehicle lifetime based on a 
combination of current electric & conventional vehicles. Having the distribution of primary and end-of-life batteries over time, the impact of added value to electric 
vehicles due to the battery repurposing on their adoption in the first place is investigated. Results confirm the significant influence of government policies on the 
electric vehicle adoption profile. The temporal estimation of the reuse capacity of the end-of-life batteries indicates that how different levels of regulations and 
second-use support schemes end up to a different amount of reuse availability in end-of-life battery stock, ranging from several hundred to a few thousand megawatt- 
hours in 2050. Results also show that to what degree a potential second-use market for end-of-life electric vehicle batteries would increase the growth rate of electric 
vehicle uptake in Ireland.   
1. Introduction 
A target of zero-emission transport has stimulated the development 
and adoption of Electric Vehicles (EVs) across the globe in recent years 
despite their comparatively high purchase price. However, this 
increasing uptake is not derived solely by market offerings but also by 
stimulus plans and government policies. These stimuli are primarily 
meant to encourage a new transport behaviour with all its attributes 
including refuelling time and schedule, travel range, and driving habits. 
Incentives such as grants, and tax exemptions reduce the Total Cost of 
Ownership (TCO) and provide an opportunity for customers to deal with 
uncertainties about the performance of the new vehicle technology and 
other travel-related anxieties. Withdrawal of these incentives, on the 
other hand, might reverse the adoption trend, unless a high level of 
customer acceptance is already achieved. Alternatively, a stable and 
gradual trend toward a full electric transport profile would be under-
pinned by devising further strategies and supports. 
As new policies are supporting the early stage of EV adoption, con-
cerns arise for the fate of these vehicles at the End-of-Life (EOL) (Raugei 
and Winfield, 2019). The imminent arrival of EVs into the waste stream 
requires planning for their disposal as well as associated infrastructures 
(Baars et al., 2020; Harper et al., 2019a). A circular waste management 
system, alternatively, suggests viewing this as an opportunity to explore 
the appropriate strategies and policies to create the right environment 
for the second use of batteries in these EOL EVs (Richa et al., 2017). 
(Baars et al., 2020) provide an overview of circular economy strategies 
for EOL Electric Vehicle Batteries (EVBs) and scenario narratives based 
on several assumptions with associated foreseeing consequences in 
resource management. This overview also narrates scenarios where EOL 
EVBs suit less demanding second-use applications. Although there are 
many uncertainties around second life ageing of EVBs as well as other 
socio-economic burdens for second use, their potential financial benefits 
could be augmented by adding new cost structure(s) to EVs, creating 
side businesses for refurbishment, cost reduction of storages in 
second-use applications and, eventually cut the cost for EVBs at source 
and resultant faster adoption. Yet the introduction of such dynamics in 
the financial management of vehicle EOL produces numerous 
uncertainties. 
A primary step in overcoming some of these uncertainties is to 
develop a greater understanding of the techno-economic feasibility and 
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performance of EOL EVBs for second-use applications over the long run. 
The first consideration for such an assessment is to quantify and antic-
ipate the scale of the second-hand EVB supply on a national scale. This is 
dictated by the estimation of the number of EVs in the fleet, the survival 
rate of EVs on the road and, the State of the Health (SOH) of the EOL 
batteries. 
This paper aims to provide such a long-term projection of the number 
of EV fleets and the associated EOL EVB generation in the Republic of 
Ireland through analysis of historical data, human behaviours, and 
preferences in conjunction with consideration of upcoming technolog-
ical developments and “green future” targets for energy authorities, on a 
scenario basis. 
The rest of the paper is organized as follows. Section 2 presents a 
discussion on the present literature about EV market diffusion and its 
indicators as well as their EOL disposition. Section 3 discusses the 
developed approach in this work that is subdivided into vehicle sale 
projection and end-of-life potential. Results are presented in section 4 
followed by a conclusion of the remark of this paper in section 5. 
2. Literature review 
A technology transition in transportation happens when the prefer-
ences of three key players (i.e., provider, customer, and government) 
converge. This tripartite equilibrium suggests that the actions and 
behaviour of each of the players’ influence one other. The focus on the 
supply of a specific vehicle technology provides competitive options for 
customers which might increase the demand; conversely, high demand 
for a technology motivates the OEMs to shift their production in that 
direction (Ghadimi et al., 2012). The government policies, on the other 
side, align this trade-off with the climate and energy agenda. Eventually, 
the technology choice is a compromise between these three stakeholders 
and their interactions. 
The decision attributes are rooted in social and economic factors that 
customers encounter during the lifetime of a vehicle (Horne et al., 
2005). For their values to be compared, both social or financial in-
dicators are converted into costs and counts as TCO. By exploring the 
TCO of different vehicle technologies, customers’ intention to pay for 
each technology could be justified. However, for EV as a new technol-
ogy, finding the right cost features might be extremely challenging. 
(Delucchi and Lipman, 2001; Hagman et al., 2016; Palmer et al., 
2018) have all explored the customers’ intention to purchase EVs by 
considering only the financial costs in TCO. These financial costs are 
broken down into different lower-level components where they simply 
belong to three main categories of capital cost, operation & maintenance 
cost, and fuel cost. (Mitropoulos et al., 2017) assigned an indirect cost to 
the emission and maintenance & refuelling time for both Internal 
Combustion Engines (ICEs) and Alternative Fuel Vehicle (AFV) tech-
nologies in integration with other direct financial costs. (Rusich and 
Danielis, 2015) defined a social cost associated with pollution and noise 
for every vehicle technology. Other researchers consider range as an 
attribute influencing the customers’ intention to pay (Dimitropoulos 
et al., 2013; Hackbarth and Madlener, 2016). (Mulholland et al., 2018) 
includes an intangible cost in TCO linked to the number of models 
available in the market for a specific technology, arguing that providing 
more options for customers to choose from decreases the intangible cost. 
(Hackbarth and Madlener, 2016) reveals that the importance of vehicle 
attributes varies across different clusters of individuals, designating an 
existing market heterogeneity across the population. (Lee et al., 2019) 
discovered the diffusion of EV adoptions in multiple heterogeneous 
groups recognized by socio-economic indicators including the average 
level of income and age of customers. (Plötz et al., 2014) incorporated 
user heterogeneity in EV market diffusion by dividing the users based on 
vehicle size classes. (Dumortier et al., 2015) narrowed down the EV 
market share model to small/mid-size vehicle class exclusively, arguing 
that customers of large vehicles are less concerned with vehicle fuel 
economy, thus less unlikely to purchase EVs. (Al-Alawi and Bradley, 
2013a) followed the EPA vehicle classification system to group user 
behaviours in response to fuel economy and, vehicles’ size, volume, and 
cost. 
Once the attributes related to customers’ intention to pay are spec-
ified, market diffusion can be realized through different methods. 
(McCoy and Lyons, 2014; Wolf et al., 2015; Yang et al., 2017) have 
developed agent-based simulation models by which the actions and in-
teractions of market agents i.e., customers, suppliers, and policymakers 
are simulated in a virtual environment. (Braz da Silva and Moura, 2016; 
Zhang et al., 2017) developed time series models to capture the evolu-
tion rate of technology adoption. (Bolduc et al., 2007; Mulholland et al., 
2018) advanced a customer choice model to determine the probabilistic 
preference of customers. Between these three categories of models 
(agent-based, time series, and customer choice), (Al-Alawi and Bradley, 
2013b) discusses that customer choice models have the advantage of 
using historical data to capture the user preferences and forecast the 
future diffusion of these preferences, while agent-based models are more 
complex and difficult to verify and validate. Time series models, on the 
other hand, are only capable of simulating the diffusion of one tech-
nology in the market without the existence of other competing 
technologies. 
While the diffusion of EVs in the market is a matter of preference of 
one technology over the others, their EOL generation flow is not a choice 
but rather depends on their survival age. (Ai et al., 2019) simulated a 
statistical distribution of EVBs’ EOL generation by examining uniform, 
Weibull, and truncated distribution functions while taking this 
assumption that the lifespan of EVBs is expanding over time from an 
8-year high-bound life span in 2010 to 16-year in 2035. The results 
confirmed that the type of distribution function is not as important as the 
parameters of the distribution themselves. (Yano et al., 2016) developed 
a model to predict the replacement probability of batteries in the Prius 
model Hybrid Electric Vehicles (HEVs) using Weibull distribution and 
found the parameters for each of the three generations by fitting the 
model to the historical EOL data. (Wu et al., 2020) carried out a spatial 
analysis to determine the value of retired batteries for recovery utili-
zation in several provinces in China, considering a Weibull function for 
battery retirement probability and average specific energy of batteries at 
EOL. (Richa et al., 2014) discusses that there is a probable mismatch 
between vehicle and battery life span, considering that batteries that fail 
in an early stage of adoption in vehicles (pre-aged batteries) have a 
shorter lifespan and will be replaced by a new battery later, while the 
ones that last until the end of the vehicle lives coincide with vehicle 
lifespans; thus, a replacement factor was included in modelling the 
battery EOL distribution for the earlier cases. (Neubauer and Pesaran, 
2011) presents a cost analysis to evaluate the potential impact of the 
EOL battery value on the price of EVs, resulting in an 11 per cent 
maximum potential reduction of initial battery price when a consider-
able second-hand market demand exists at the time of retirement. 
However, the impact of this added value to EVs on their adoption is not 
investigated. 
The aforementioned studies explored the estimation of the stockpile 
generation from EOL EVBs, whereas the second-use applicability of 
these EOL batteries is unsettled due to their inconsistency in terms of 
cycling age and SOH. The current share of the second use in the EOL EVB 
stockpile that is managed by Batteriretur in Norway has been reported to 
be 20% due to the difficulty in measuring the SOH of batteries at EOL 
(Dahllöf et al., 2019); although this burden is expected to be reduced by 
incorporating an enabling battery management system in newly man-
ufactured EVs and monitoring the SOH of batteries during their whole 
lifetimes (Hu et al., 2018) (Cai et al., 2020). Yet, there are other financial 
burdens among which some relates to the uncertainties in economic 
priority between recycling and reuse due to unclear financial dynamic in 
the second-hand EVB market in terms of marginal cost and demand in 
the market, specifically when EOL batteries are a valuable secondary 
resource for critical materials in the battery supply chain (Harper et al., 
2019b). There are also inertias from the manufacturer side; Some OEMs 
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want their batteries untouched after being detached from EOL vehicles. 
Recent studies considered different rates of reuse in their estimation. 
For example, (Moore et al., 2020) considered a recycling rate of 37% and 
50% in scenarios with a high and low advancement in battery capacity 
technology for estimating the available energy capacity of EOL EVBs for 
second-use applications. (Bobba et al., 2019) assumed an annual linear 
increase from 0% in 2010 to 20% in 2030 for battery repurposing as a 
low second-use scenario, whereas, in a high second-use scenario, 80% of 
EOL EVBs are considered to be eligible for repurposing. Yet, these as-
sumptions are not based on actual figures, as the EV sector is still in its 
infancy and rapidly developing. 
Other works explored the reuse rate by finding the second-use de-
mand of EOL EVBs in the market. For example, (Kamran et al., 2021) 
represent an EOL projection of EVBs that potentially could be used in 
stationary storages in the power system based on the expecting growth 
of renewable energy share and associated energy storage demand in the 
UK. According to their estimation, although the numbers of EOL EVBs 
that can be reused in the stationary storage systems would increase for 
more than a decade after 2020, their reuse share in the total number of 
EVBs disposed of would decrease over the years down to 10% by 2050 
due to the far more rapid growth of EVs. 
Reviewing the literature, we discovered that various strategies have 
been proposed to project the volume of EOL EVBs either for repurposing 
or recycling from a material flow perspective, as discussed above. In 
these methods, the estimations of EV sales are either based on implicit 
assumptions or outsourced to other databases, whereas this study aims 
to incorporate several national policies and tax regulations toward 
transitioning to zero-carbon transportation system into the EV market 
diffusion model. Subsequently, the responses of vehicle customers to 
these policies determine the EV technology growth in the automobile 
market. This dynamic approach in projection enriches us with an esti-
mation of EOL EVB generation in various policy benchmarks, leading to 
a more flexible EOL management around different transport policies. 
Moreover, since the EV market diffusion model developed in this work is 
a customer responsive model, the impact of the potential EOL value of 
EVBs on customers’ intention to purchase EVs is explored. This assumes 
that in a cultivated environment for the second use of EOL BEVs, an extra 
financial term in the TCO of the EVs is supplemented; thus, the influence 
of this factor on EV adoption rate in the first place is further explored. 
In this paper, the future diffusion of vehicle technologies in the Irish 
market is projected using a customer choice model in chosen scenarios 
with sensitivity to different government policies and market availability 
inputted as financial and non-financial attributes. Based on the esti-
mated EV market share and following material flow analysis, the EOL 
distribution of the retired EVs is represented. Finally, by finding the 
estimated number of EOL battery units, a module for salvage cost of 
retired batteries is added to the market diffusion model to assess the 
impact of the second-use market on EV adoption. 
3. Methodology 
Figure 1 depicts the methodological approach in this research which 
is divided into two main parts: (1) projection of EV adoption in Ireland, 
and (2) estimation of the volume of the retired EVBs at the end of ve-
hicles’ lives; the latter projects the potential capacity of a second-hand 
market for EVBs, whereas the former predicts the technology move-
ment in the Irish automobile market. Based on these two potential 
markets for EVBs i.e., the primary market and second-hand market, the 
method structure is envisioned in Figure 1. In the first part, the annual 
sale of EVs is predicted in two steps: (1) developing a customer choice 
model for vehicle market diffusion, and (2) predicting the vehicle de-
mand in the Irish automobile market (Car Stock Model). The market 
diffusion model is fed through the Life Cycle Cost (LCC) of vehicle 
technologies and considers three scenarios in compliance with different 
degrees of changes in regulations and policies regarding CO2 emission 
reduction. The EV sale is then estimated for every scenario by having the 
market share and the estimated total vehicle demand resulting in three 
levels of adoption. 
In the next part, the generation of EOL EVBs is estimated by first, 
finding the survival rate of EVs, and second, calculating the available 
and reusable capacity of the removed battery units from these EOL 
vehicles. 
Finally, a circular scenario is defined aiming to evaluate the impact 
of the second-hand market for retired EVBs on the primary market 
growth of the EVs. In the potential existence of a second-use market, the 
model considers an EOL value for EVBs which has been simulated as a 
cost structure in the primary market. Further details for each stage of the 
methodology are described in the following sections. 
3.1. EV sale projection 
3.1.1. Customer preference model 
CIMS-energy-economy model (Rivers and Jaccard, 2005) has been 
selected for modelling vehicle technology share in this work. CIMS is a 
“technology vintage model” that has been developed for tracing the 
evolution of a certain technology through sequential decisions by pro-
viders and consumers over time. The hybrid nature inherent in CIMS 
makes it feasible for a cross-disciplinary analysis to provide policy 
feedback from a wider viewpoint (Tattini, 2019). The following equa-
tion (Equation 1) is applied in the CIMS model to simulate the compe-
tition between technologies: 
MSj =
[





CCk* r1− (1+r)− n + OCk + FCk + ICk
]− v] (1)  
Where MS is the market share of j technology, CC is the capital cost, OC 
is the operation cost, FC is the fuel cost, and IC is the intangible cost. 
These four costs represent the LCC in which CC, OC, and FC are asso-
ciated with the monetary costs and IC is the non-monetary cost. The 
intangible cost refers to the extra money a customer is inclined to pay for 
a specific vehicle technology due to various non-financial reasons e.g., 
more comfort in refuelling, range anxiety, personal preferences, higher 
Figure 1. Methodology flowchart.  
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status, etc. The time of investment for capital cost and maintenance cost 
is converted into present value using a social discount rate r (repre-
senting customer’s time preferences for capital cost investment) with a 
value of 30% according to (Jaccard et al., 2004). Market heterogeneity 
in this model is captured by an inverse power function (v). v determines 
how fair the market share is distributed between different technologies 
based on their LCC. For example, a technology with the lowest LCC 
overtakes the entire market if v is high. In contrast, a low value of v 
suggests that all technology shares are evenly distributed even with a 
significant difference in their LCC. (Rivers and Jaccard, 2005) suggests 
that a value of 15 for v implies a heterogeneous distribution of the 
technologies in the market. 
Market heterogeneity can further be implied in the model by seg-
menting the transport/energy-related behaviours from customers. 
Transport-related behaviours can be attributed to a handful of indices 
including financial income, geographical split, driving profile, etc. In 
this work, vehicle size has been selected as an indicator of customers’ 
transport behaviour in terms of driving profile and social status (Brand 
et al., 2017; Letmathe and Suares, 2017). Accordingly, the market has 
been segmented into three categories of the small, medium, and large 
vehicles corresponding to the modest driver, medium driver, and regular 
driver as illustrated in Table 1. 
Sorting the customer segments, the life cycle costs are calculated in 
every segment accordingly. Every tangible cost on an annual scale for 
three vehicle size classes and different technologies naming Battery 
Electric Vehicle (BEV), Plug-in Hybrid Electric Vehicle (PHEV), HEV, 
and ICE (i.e., diesel & petrol) in the year 2020 is indicated in Appendix 
A. 1. 
The intangible cost, on the other hand, is obtained by solving the MS 
equation (Equation 1) having the tangible costs and historical market 
share. However, to model the intangible cost, the correlated explanatory 
variables are also required. 
As discussed previously in section 2, different variables are assigned 
to the intangible cost for vehicle life cycle calculation. The intangible 
cost can be modelled by analysing these low-level exogenous variables. 
The lack of historical data for electric vehicles and their attributes makes 
this prediction error-prone, especially at the disaggregated level. On 
aggregated levels, however, the time pattern of the intangible costs for 
different technologies can be translated into the level of customer 
acceptance toward that technology. The time and level of acceptance, 
besides the financial considerations, are partly driven by the market 
suppliers and their investments in a specific technology. Mulholland 
et al. (Mulholland et al., 2018) discuss that giving customers more 
choices of vehicle models to select from decreases the anxiety toward 
that technology, which results in a higher acceptance. They expanded 
this idea by proposing a mathematical model to capture the correlation 
between intangible cost and market availability by considering the 
number of vehicle models as an indicator, as shown in Equation 2, 




wherein MA_IC (Model Availability Intangible Cost) is the intangible 
cost associated with model availability and No.Model is the number of 
models available for technology j of segment s. The parameters (α, β, and 
γ) in this equation are optimized using the historical sale data. The 
model-fitting results are discussed in section 4.1. 
3.1.2. Projection (out of sample) 
As discussed previously, multiple financial and non-financial com-
ponents are included in the MS model. These monetarized cost compo-
nents have been extracted from historical data for every customer 
segment (inputted to MS model for parameter finding as discussed in 
section 4.1). However, market share projection counts on out-of-sample 
data for individual inputs. The evolution of these inputs is established by 
finding the trend in historical data and further developed via exploring 
several EU and Irish government policies and targets as well as in-
terviews with stakeholders (Baik et al., 2019; Capros et al., 2016; 
Ireland, 2017). 
The future trend of tangible inputs is discovered to be driven mainly 
by environmental fuel standards, fuel economy, battery technology 
development, and mass of economy for every technology. The outlook 
on these predictors is drawn from different sources to calculate the 
tangible cost (Baik et al., 2019; Capros et al., 2016; Tsiropoulos et al., 
2018). It should be noted that among the monetary inputs, tax-related 
costs are not directly correlated to independent variables but rather 
Table 1 
Vehicle market segmentation  
Vehicle Size Vehicle Segment 
Small mini and small class 
Medium compact, medium, and executive class 
Large SUV and MPV  
Figure 2. Tangible cost share between the five vehicle types and their deviation (excluding tax).  
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are being determined by policymakers whose decisions are influenced 
by other variables. Thus, a scenario-based projection approach is carried 
out for tax-related inputs (3.1.3). 
Table 2 
Scenarios with three level of changes in regulations  












every ten years 

























every ten years 

















Parameters of car stock model  
Parameters δI  δP  
Optimized value 0.39 -0.1  
Figure 3. EOL distributions (a) Weibull distribution of EOL vehicles in Ireland (b) Weibull distribution of EOL electric vehicles in UK (c) predicted evolution of EV 
survival rate. 
Table 4 
Weibull parameters  
Weibull Parameters А β 
ICE 17.5 5.8 
EV 11 3.2  
Table 5 
Parameters of the intangible cost model for different customer segments  
Customer segment Technology Parameters 
α β γ 
Modest driver BEV 1 1.4e-4 1.6e-5 
PHEV 1 1.8e-4 0 
HEV 1.05 2.4e-4 6.2e-5 
ICE 6e4 0 1 
Medium driver BEV 1 8.3e-5 1.9e-5 
PHEV 1 1e-4 3.08e-6 
HEV 1 0 2.55e-5 
ICE 1.3e5 0 1 
Regular driver BEV 1 8.7e-5 1.35e-5 
PHEV 1 6.1e-5 7.5e-6 
HEV 1 1e-4 3.4e-5 
ICE 6.3e4 5e-4 1  
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To comprehend the alteration of non-tax related tangible inputs over 
time and in comparison to each other, they have been visualized by 
“share of costs” as a contribution to the sum of all costs for the five 
vehicle types. Therefore, in cases where costs for all five of them are 
equal, the share would be 0.2 for each, while the actual shares are a 
deviation from 0.2. These cost shares and their deviations are illustrated 
in Figure 2. 
The projection for the intangible cost, on the other hand, depends on 
the European growth of the automotive market for every technology 
followed by their distribution in the Irish automobile market which is 
also influenced by the government policies. Following the EU target 
(European_Parliament, 2019) for 95 gCO2/ km which is pushed on OEMs 
and the nations in the EU to reduce their CO2 emission production and 
regulate their policies, judgmental market availability is drawn for each 
technology. Thus, several scenarios are defined based on tax-related 
inputs and potential market availability as discussed in the following 
section. 
3.1.3. Scenario definition 
The market share model in this work is designed to be sensitive to 
government regulations and incentives and provide feedback on the 
impact of each regulatory action. Thus, by defining the three degrees of 
regulatory acts, the progress of EV adoption could be measured. The 
government actions on vehicle technology movement are grouped into 
tax-related laws, incentives & stimulation packages, and bans on certain 
vehicle technologies. These attributes have shown substantial influence 
on the market diversion in the history of the Irish automobile market. 
For example, imposing vehicles’ CO2 emission bands as a measure for 
motor tax instead of engine size by 2008 increased the share of diesel 
vehicles from 28% in 2007 to an average of 70% after 2011 (Motorstats., 
2020). Furthermore, the Vehicle Registration Tax (VRT) exemption and 
€5000 grant incentive on EV purchases kicked off the EV adoption in 
2011. However, the potential withdrawal of these stimulus packages 
would impact the rate of adoption as well. Therefore, alternative plans 
are required to maintain the motivations of purchasing EVs for 
customers. 
Three alternative scenarios are specified in Table 2. Scenario A fo-
cuses on motor tax regulations, suggesting that shifting the CO2 emis-
sions band to a lower threshold sequentially over the years directs a 
financial benefit toward EV buyers. It should be noted that in the sce-
nario A, the incentives, and grants on EV purchase are not extended after 
2020 which might lead to a decrease in EV adoption trend for a while 
after the incentives are withdrawn. Therefore, scenario B suggests a 
sequential incentive withdrawal by extending whilst narrowing down 
the current incentives at the year 2020 (grant and VRT exemption) to 
VRT exemption only until 2030. A stricter scenario (scenario C) suggests 
keeping the current incentives up to 2030 and enforce a ban on ICE 
afterwards. The latter scenario, as rigorous as it might be, is selected to 
align with the Irish government long-term national vision in decarbon-
izing the transport sector by 2050 that is revealed in the national 
ambition to limit the sale of new cars and vans in Ireland to the fully 
zero-emission capable vehicles (DTTAS, 2017). This policy is also in line 
with the Green Industrial Revolution plan in the UK by which the sale of 
new petrol and diesel cars and vans will be ended by 2030 (HM Gov-
ernment, 2020). By exploring this enforced ban outlined in the national 
plan, we examine the reflection of the pushed earlier EV technology 
uptake on the estimation of EOL generation which is expected to require 
faster decisions in EOL management comparing to other scenarios. 
3.1.4. Vehicle demand prediction 
The vehicle demand in a country is correlated with the price of oil 
and national income as independent variables; increasing the national 
income leads to an increase in both sales and engine size, while a higher 
price of oil inversely impacts this trend (Johansson and Schipper, 1997). 
Figure 4. Comparison of model outputs with historical sales.  
N. Fallah et al.                                                                                                                                                                                                                                  
Resources, Conservation & Recycling 174 (2021) 105753
7
These correlations have been captured by an econometric model (car 
stock model) for vehicle sales (Daly and Gallachóir, 2011), as shown in 
Equation 3. In this model, ΔGNP is the annual percentage change in 
national income, ΔP is the annual percentage change of fuel price in 
€/km, and δI and δP are income and price elasticity, respectively. The car 
stock model is used in this work to predict the vehicle demand in Ireland 
via optimizing the parameters by fitting the model to the historical sale 
data. The optimized parameters are presented in Table 3. 
Salet = salet− 1 × (1+ΔGNPt × δI) × (1+ΔPt × δP) (3)  
3.2. End of life potentials 
3.2.1. Modelling the EOL distribution of EVs based on fleets’ historical data 
To model the survival age of vehicles in Ireland, the EOL data for 
passenger fleets was acquired from the National Motor Tax Office which 
issues certificates of destruction for EOL vehicles. The statistical distri-
bution of vehicle survival age is modelled using a Weibull function, 
wherein the parameters are obtained by fitting the model to the his-
torical data. However, the EOL dataset in Ireland mainly comprises the 
EOL data for traditional vehicles with few numbers of EVs. According to 
this dataset, the peak age of EOL for traditional vehicles is 17 years, 
whereas, statistically, the average age of an EV has been discovered to be 
10 to 12 years in the present literature (Ai et al., 2019). 
To estimate the EOL distribution of EVs in Ireland, one alternative is 
to learn from the EOL distribution pattern in a larger market in which 
the sale of EVs started earlier. Thus, the EOL dataset for EVs in the UK 
(Transport, n.d.) has been selected due to the similar availability of 
vehicle models, environmental conditions as well as ELV legislation. The 
distribution of EOL vehicles for every registration year since 1996 has 
been extracted and the Weibull distribution parameters have been 
distinguished for each distribution. These distribution curves are 
illustrated in Figure 3 (a) and (b) for the Irish and UK data, respectively. 
The average values of these parameters have been considered for the 
average EOL distribution as listed in Table 4. However, EOL distribution 
in the UK dataset is valid for vehicles that have been sold before 2005, 
whereas technological developments in battery manufacturing have 
increased the performance and capacity of EVBs in recent years. His-
torically, the average capacity of the batteries in EV passenger fleets in 
Ireland increased from 16 kWh in 2014 to 65 kWh in 2020. This increase 
in the battery capacity suggests a longer life for new EV models. This 
impact is also explored in (Fotouhi et al., 2016) by considering the total 
mileage travelled to reach a target point as an indicator for EV perfor-
mance, showing that a higher EV range suggests a better performance 
beyond an optimal point. To include the technical advancement of EVs 
in EOL distribution, a series of evolved distribution curves are modelled 
by having in mind that the α parameter in the Weibull function repre-
sents the peak life of an EV and the shape parameter β represents the 
upper limit of lifespan. It is assumed that the peak age of the EOL dis-
tribution for EVs would increase over the years toward a final 17-year--
old peak of the conventional vehicles. The logic behind this assumption 
is that currently, the life of an EV is mainly driven by battery perfor-
mance and lifetime, while in the future by decreasing the probability of 
battery failure, the EV EOL status is expected to be similar to the 
traditional vehicles. The evolution of EOL distribution curves is indi-
cated in Figure 3 (c). 
Finding the EOL distribution model of EVs, a material flow analysis is 
applied at this stage to estimate the number of units of retired EVs. 
Equation 4 shows that the volume of EOL vehicles (EOLV) at year t can 
be calculated by accumulating the distributed returns of EVs (L) that 




sale(t)*L(t − t′ ) (4) 
Figure 5. Projection of market diffusion up to 2050- MS model.  
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Equation 4 also represents the number of EOL EVB packs generated 
from disposed EVs. Among these EOL EVBs, the ones with above 80% 
SOH fit second-use applications, while the rest is directly recycled 
(Baars et al., 2020). However, monitoring and testing the SOH of EOL 
batteries are not currently efficient. This uncertainty in SOH of EOL 
EVBs along with other socio-economic burdens discussed in section 2 
leads to a low rate of reuse to date. 
In this study, a low and high scenario is assumed in which a linear 
10% and 20% increase of reuse rate for every decade (starting from 0% 
in 2010 up to 2050) is considered, respectively. These presumed 
developing rates of EVB reuse in Ireland pursue the regulatory and 
market alignment for battery repurposing by which a reuse scheme is 
assumed to be progressively supported by the authority. 
Subsequently, the available energy capacity of batteries for second- 
use applications at year t (EOLBWh(t)) is estimated using Equation 5 by 
multiplying the battery capacity at end of life (CEOL) and reuse rate (Rr) 
to the Equation 4 and excluding the crashed batteries using a crash rate 
factor ( Cr). This work simply assumes that the EOL capacity for reuse is 
80% of its primary capacity on average and neglects the crash rate due to 












3.2.2. Second-use cost module 
The impact of the second-use demand for EVBs on EV adoption rate is 
evaluated by adding a proposed module to the MS model. The MS model 
described in section 3.1.1 assumes that the upfront capital cost that 
customers pay will be even to the depreciation cost during the vehicle 
lifetime. The depreciation cost suggests that if there is an associated 
value at end of life, the depreciation cost is not equal to capital cost but 
the difference between the upfront cost and the resell cost. While the 
EOL value for ICE vehicles is negligible, for EVs this cost is related to the 
value of retired batteries in the EOL vehicles. The depreciation cost for 
every technology (DCV,j) is modelled in Equation 6 as subtraction of 
upfront cost (UC) and resell cost (RC). Neglecting the cost of the vehicle 
itself at end of life, the resell cost for EV is modified as battery resell cost 
(RCB) in Equation 7. Therefore, the New_MS model (Equation 8) is 
derived from the MS model wherein the depreciation cost is converted to 
present value by r′ factor as discussed in section 3.1.1 and VC represents 
the variable costs in total. 
The New_MS model in this work is proposed as a “circular-energy- 
economy model” which is a transformed version of the “energy-econ-
omy model” described in section 3.1.1 by adding the term “circular” to 




UCv, j − RCv,j
)
(6)  











]− v] (8)  
4. Result and discussion 
4.1. Sale projection 
Results for modelling the EV sale using Equations 1 and 2 are ob-
tained by fitting the model to the historical sale data via minimizing the 
Mean Absolute Error (MAE). The parameters in Equation 2 are listed in 
Figure 6. Projection of the annual total number of the EOL EVB packs disposed of and the associated reuse capacity in both high and low scenarios.  
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Table 5 for every segment and technology. Results are represented in 
Figure 4 for different stages of Rogers’ diffusion of innovation curve 
naming early adopter, early majority, and late majority linked to EV, 
HEV, and ICE vehicle customers. To fully understand the error in the 
prediction, besides the MAE measure which is a scale-dependent index, 
the R2 measure is also used to determine how well the model fits the data 
(Hyndman and Athanasopoulos, 2018). The 0.99 R2 value for the late 
majority indicates a strong correlation between the prediction and his-
torical data, yet for the other two with 0.75 and 0.87, the R2 values are 
quite acceptable. 
Projection results of vehicles’ market share using the MS model with 
the optimized parameters for three defined scenarios of government 
interventions in the market and three levels of AFV market availability 
are represented in Figure 5. This projection suggests that for at least a 
decade after 2020, the market belongs mainly to hybrid vehicles, 
whereas the ICE share is superior up until 2025. The HEV only lasts for 
10 years in scenario C due to the enforced ICE ban by 2030, whereas in 
other scenarios there is a gradual decline after 2030 with a slight shift in 
different scenarios. In the worst-case scenario (A.1), the HEV market 
subsides to below 40 per cent by 2050, while a medium change in both 
market and regulations (B.2) suggests a nearly 20% remainder of HEV 
share by that year. The success of HEV can be explained by its efficient 
fuel economy compared to ICE cars and high customer acceptance in 
comparison with EVs. The financial cost comparison in Figure 2 (section 
3.1.3) also shows that HEV is the second economy choice after diesel 
vehicles while this gap decreases over the years by the growth of air 
compression engines in HEVs. 
From a medium-supply/regulation perspective, the share of BEVs 
overtakes the market by 2040, while an earlier BEV precedence happens 
when suppliers provide a high AFV model availability; this could 
guarantee an almost 50% BEV share before 2040 even with few changes 
in regulations. Meanwhile, by comparing the results of every scenario 
for different AFV availability, it can be observed that the EV uptake up to 
2030 is mainly driven by the degree of regulations rather than the 
market availability. From 2030 onward, aside from the third scenario in 
which the ban enforces a 100% share of electric technology, a faster 
growth rate is observed compared to its previous decade, except for five 
years in the second scenario with a steady trend that can be rationalized 
into the VRT exemption withdrawal enacted after 2030. As Figure 2 
(section 3.1.3) indicates, BEVs are being an economy option slightly 
before 2040 which justifies the continual increase of BEV market share 
beyond 2040 even in case of low market availability and little regulation 
changes; the slope of the trend is correlated to the degree of regulations 
though. 
PHEV share, on the other hand, does not grow considerably when 
there is an HEV alternative in the market. In Scenario C, when HEV share 
is suppressed and PHEVs and BEVs are the only alternatives, PHEV share 
rises to 16% in 2035 and decreases over time down to almost zero by 
2050. The high intangible cost of PHEV aside from other intangible 
reasons is a sensible justification for their unsuccessful market. 
To fully comprehend the influence of different policy measures on 
market diffusion, a sensitivity analysis is conducted. The impacts of 
government incentives, tax policies, and market availability are illus-
trated in Appendix A. 2 and Appendix A. 3. 
Figure 7. Impact of the resell value of EOL EVB on EV market share/ New-MS model.  
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4.2. EV end-of-life generation 
The number of retired EV battery packs that emerge in the waste 
stream along with EOL vehicles is projected for 30 years from 2020 to 
2050 by conducting a material flow analysis using Equation 4 and the 
associated EOL distributions (Figure 3 (c)) . It should be noted that these 
calculations do not include the records of EOL batteries due to any re-
placements during the lifetime of EVs such as in-warranty end-of-life or 
collisions. However, the battery ownership in case of warranty return is 
not established yet which means that excluding them from the statistics 
is not irrational, considering that the ownership of new EVBs transfers to 
customers when sold, unlike leasing. Thus, the EV battery reuse could be 
practised in two different dynamics when battery ownership belongs to 
OEMs (leasing) and customers. Furthermore, different business models 
could be created based on the two platforms of second-hand supply by 
which the offered financial and non-financial benefits to different 
stakeholders would be comprehended. 
Results for the number of all EOL battery packs that are disposed of 
are illustrated in Figure 6 by blue-coloured bars in units of thousands. 
Also, the reusable energy capacity of these packs is estimated using 
Equation 5 for the two low and high second-use scenarios and illustrated 
in MWh available capacity by orange and grey area in Figure 6, 
respectively. The increasing capacity of battery units themselves is also 
considered in this estimation saying that the average battery capacity 
used in vehicles increased from 16 kWh in 2014 to 56 kWh in 2020. 
Results in Figure 6 suggest that when little changes in regulation are 
implemented, the available EOL EVB reuse capacity are changing 
around a few several hundred megawatt-hours in 2045 up to a range of 
413-867 and 661-1387 MWh in 2050, in low and high reuse scenario, 
respectively. Whereas in a moderate regulation benchmark, the reuse 
capacity grows up to a considerable amount by 2040 and rising to a 
range of 554-1077 and 887-1723 MWh by 2050, in low and high reuse 
scenarios, respectively. The strict regulation scenario, on the other hand, 
suggests an earlier substantial arrival of EOL batteries to the waste by 
2035, wherein the reuse capacity is estimated to vary around a few 
hundred megawatt-hours in 2035 and a few thousand megawatt-hours 
in 2050, based on different levels of reuse support and market 
availability. 
These projected capacities promise an asset for investment. Current 
battery installations across the world have several tens of megawatt- 
hour capacities. The largest battery installation belongs to Tesla with 
129 MWh capacity and 100 MW output, located in South Australia. This 
storage unit is capable of powering 30,000 homes when dispatched 
during the load peak. In Ireland, a 24.3% renewable energy share in 
power generation is reported in 2018 with a 16.3% wind share. The 
wind installation is almost exclusively on shore with a 2.8 GW power 
capacity. However, a 500 MW offshore wind farm project is proposed as 
a government plan by 2025. In the 2019 annual report by Eirgrid 
(“Annual Report 2019,” n.d.), there are accepted connection offers for 
five battery storage projects – with a total capacity of 300 MW. The 
demand for battery energy storage is anticipated to increase over the 
years in the Irish power system following the milestones for 55% 
renewable share in electricity generation by 2030 (SEAI, 2019) and 
interconnection plans (NGCP, 2013). Such renewables generation 
upscaling could have a matching target with second-hand battery in-
vestment which could be traced in the time and volume of second-hand 
supply by the results of Figure 6. 
4.3. Proposed Circular Scenarios 
The results in Figure 5 have been updated using the New_MS model in 
the first two scenarios to assess the impact of the second-use value of the 
retired batteries on EV market share. The resell battery price in Equa-
tion 7 is assumed to have a lower and upper price limit of 15% and 30% 
of their primary price. The result in Figure 7 shows that up to a 
maximum 20 per cent increase of EV market share in the 2030s is 
possible for scenario B, wherein the battery reuse value is more appre-
ciated with greater policy motivations. It still considerably increases the 
BEV share in scenario A without any incentives (up to a maximum of 10 
per cent). 
After 2040, the reuse impact is reduced possibly because of the 
decreasing price gap between new and second-hand batteries, although 
this gradual decline is far less noticeable when market availability is 
lower which suggests that a second-hand market development could 
compensate for the under developed primary EV supply. 
5. Conclusion 
Generation of EOL EVB stock follows the rate of diffusion of EVs as 
well as the survival rate of these vehicles on the road, whereas their 
estimation depends on many factors with many resultant uncertainties. 
Some of these factors are concerned with the transportation regulatory 
acts, EV technology advancement and social acceptance of this new 
vehicle technology. In this paper, we have examined each of these fac-
tors and modelled the outcomes under various scenarios. 
Concerning the diffusion of EVs, this paper measures the influence of 
government policies on the evolution of vehicle technologies in Ireland 
in conjunction with other factors including the supply-side growth and 
cost parity in the automobile industry. The potential impact of relevant 
policy acts has been represented via sensitivity analysis. The results 
show that changing the regulations toward more environmentally 
friendly policies could substantially alter the trend of EV adoption in 
Ireland. It can be concluded that in the path to a fully electrified 
transportation system, government intervention is much more impor-
tant than the supply expansion in terms of model availability. The au-
thors, therefore, recommend continual policy support to achieve a faster 
transition to an EV fleet. This is a significant finding in its own right for 
transport and climate policy but also clearly impacts the future resource 
management of used EV batteries. 
By conducting an EOL assessment, the volume of stockpile generated 
from EOL EVB is estimated as well as quantifying the reusable capacity 
of EVBs within them. Our estimation shows that by little and moderate 
changes in regulations, the annual reusable capacity of EOL EVBs starts 
growing from several ten megawatt-hours in 2035 to a range of several 
hundred megawatt-hours up to almost 1.7 gigawatt-hours by 2050. 
Whereas a strict regulation benchmark suggests an earlier major arrival 
of EOL EVBs to the waste by more than a decade, wherein the available 
reuse capacity substantially begins from few hundred megawatt-hours 
in 2035 to a few thousand megawatt-hours by 2050. This significant 
capacity highlights a strong likelihood of second-hand market creation. 
A temporal plan for this upcoming generation capacity to be integrated 
into the renewable transition schemes is recommended as well as their 
ultimate recycling. 
The methodology utilized in this research has been further developed 
by examining the influence of the potential existence of a second-hand 
market for EVBs on EV adoption in the primary automobile market. A 
mechanism to reflect the EOL value of batteries into the life cycle cost of 
EVs is proposed to measure the rate of growth of EV uptake. Results 
show that adding an EOL value to the retired batteries could increase the 
sale of EVs over the subsequent years. This effect is found to be directly 
proportional to the price gap between a new and used battery. 
This study focused on the private car division, while a faster growth 
of electric vehicles is expected in the commercial sector at the early stage 
of adoption due to their higher vehicle kilometre travelled. This is also a 
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cornerstone in the Irish transport policy which is stated by the company 
tax benefit scheme other than the grants and exemptions for private 
vehicles. Moreover, further investigation of the reuse capacity of EOL 
EVBs based on drivers’ travel behaviours, mileage travelled and size of 
batteries in EVs in both private and commercial sectors is recommended. 
Finally, the authors recommend examining different business models for 
EVB second use locally on the island of Ireland. 
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Appendx .A. 1 
Figure. A 1 
Figure A.1. Annual tangible costs for the technologies in different size segments- year 2020: The capital cost for BEV and PHEV is higher than other technologies 
whilst other circulation costs are lower. Currently, the gap between plug in electric vehicles (i.e., PHEV & BEV) and ICE vehicles (i.e., diesel & petrol technologies) 
are compensated by a government grant and VRT exemption (up to €7,500 & €10,000 on PHEV and BEV purchase, respectively) as displayed by red spots. 
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Appendx .A. 2 
Figure. A 2 
Appendx .A. 3 
Figure. A 3 
Figure A.2. Sensitivity of the market share to the model availability.  
Figure A.3. Sensitivity of EV market share to: (a) government incentive (b) tax regulations (for every 10 gCO2/Kg decrease in the threshold of CO2 emission band up 
to 40 gCO2/kg. 
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Plötz, P., Gnann, T., Wietschel, M., 2014. Modelling market diffusion of electric vehicles 
with real world driving data—Part I: Model structure and validation. Ecol. Econ. 
107, 411–421. 
Raugei, M., Winfield, P., 2019. Prospective LCA of the production and EoL recycling of a 
novel type of Li-ion battery for electric vehicles. J. Clean. Prod. 213, 926–932. 
Richa, K., Babbitt, C.W., Gaustad, G., 2017. Eco-efficiency analysis of a lithium-ion 
battery waste hierarchy inspired by circular economy. J. Ind. Ecol. 21, 715–730. 
Richa, K., Babbitt, C.W., Gaustad, G., Wang, X., 2014. A future perspective on lithium-ion 
battery waste flows from electric vehicles. Resour. Conserv. Recycl. 83, 63–76. 
Rivers, N., Jaccard, M., 2005. Combining top-down and bottom-up approaches to energy- 
economy modeling using discrete choice methods. Energy J 26. 
Rusich, A., Danielis, R., 2015. Total cost of ownership, social lifecycle cost and energy 
consumption of various automotive technologies in Italy. Res. Transp. Econ. 50, 
3–16. 
SEAI, 2019. National Energy Projections 2019 1–20. 
Tattini, J., 2019. Improving the representation of consumers’ choice in transport within 
energy system models. 
Transport, U.D. of, n.d. No Title [WWW Document]. URL https://data.gov.uk/dataset/ 
e3939ef8-30c7-4ca8-9c7c-ad9475cc9b2f/anonymised-mot-tests-and-results. 
Tsiropoulos, I., Tarvydas, D., Lebedeva, N., 2018. Li-ion Batteries for Mobility and 
Stationary Storage Applications Scenarios for Costs and Market Growth. Publ. Off. 
Eur. Union Luxemb. 
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